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1 General introduction 
1.1 Introduction 
The word protein is derived from the Greek word "protas" which literally means "of 
prime importance." Indeed, proteins are one of the fundamental components of all 
living cells. They regulate a variety of activities from replication of the genetic 
code, via transportation of oxygen, to construction of cell scaffolds. Proteins 
accomplish their task by three-dimensional interactions with various biological 
compounds such as small-molecules, lipids, nucleic acids and other proteins. 
Knowing the protein structure helps to understand the function, design a site-direct 
mutant, and other protein engineering experiments. It also enables identification of 
ligand binding pockets that could lead to rational drug design. Moreover, 
understanding protein structures has potential applications in the various projects 
being undertaken at the whole genome scale, such as mapping the functions of all 
proteins in metabolic pathways and deducing their evolutionary relationships.  
1.2 From sequence to structure 
Methodological advances in DNA sequencing resulted in an outbreak of sequence 
information (Fleischmann, Adams et al. 1995; Lander, Linton et al. 2001). 
Compared to more than 10 million publicly available different protein 
sequences(Rusch, Halpern et al. 2007; Yooseph, Sutton et al. 2007), the number of 
proteins with known three dimensional structures lags three orders of magnitude 
behind. This disproportion is due to the fact that deduction of the protein structure, 
determined either by x-ray diffraction analyses or by nuclear magnetic resonance 
studies, is highly labor-intensive. Because of that reason, a number of structural 
genomics centers have been established with a mission to develop and implement 
approaches for high-throughput protein expression, purification, and structure 
identification. This factory-style protein-structure generation using genomic 
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information as starting material soon will provide enormous amounts of data. 
However, structural genomics does not aim to solve the structures of all known 
proteins, but rather to obtain a set of representative structures for each of the protein 
sequence families or superfamilies. Thus, despite the structural genomics initiatives 
and biochemical efforts to fully automate the whole process of protein structure 
determination the gap between the number of proteins for which structure is 
deposited in public databases (PDB), and the number of proteins for which 
sequences are known will remain very high for next decade. 
Since, it was discovered that most of proteins fold into their unique three-
dimensional native state without any additional mechanisms, over 30 years of effort 
has been expended on methods that predict structure from sequence by accurate 
simulation of physical processes (Levitt and Warshel 1975). These ab-initio 
methods perform iterative conformational changes of the protein structure and 
estimate the corresponding changes in energy. The main problems here are the 
inaccurate energy functions and the vast number of possible conformations a 
protein chain can adopt. The second problem is approached by reduced 
representation of conformations and coarse search strategies. The most successful 
approaches include lattice-based simulations of simplified protein 
models (Skolnick, Zhang et al. 2003) and method building structures from 
fragments of proteins (Simons, Bonneau et al. 1999; Bradley, Chivian et al. 2003). 
Despite significant improvements of ab-initio methods in the recent years(Bradley, 
Misura et al. 2005; Yang, Chen et al. 2007) we are still far from the precise 
computational solution of the folding problem (Schueler-Furman, Wang et al. 
2005). 
1.2.1 Simple homology modeling 
Currently, the most simple and successful procedure to gain information about the 
structural properties of a protein is through computational inference from an 
experimentally studied homolog (Kim 1998; Brenner 1999; Baker and Sali 2001; 
Devos and Valencia 2001; Hood and Galas 2003). The principal idea of the method 
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is based on the following observation. Each native protein sequence adopts a unique 
structure but many different sequences can adopt the same basic fold. In other 
words, proteins with similar sequences tend to fold into similar structures. Indeed, 
two proteins with more than 25% identical residues (length >80 residues) are very 
likely to be similar in three-dimensional structure (Chothia and Lesk 1986; Sander 
and Schneider 1991). There are only a few exceptions from this rule most of which 
are artificially designed proteins. Thus, if a sequence of unknown structure (Target) 
has significant sequence similarity to a protein of known structure (Template), it is 
possible to construct an approximate three-dimensional model for Target assuming 
that Target simply has basically the same structure as Template. This technique is 
referred to as homology modeling (Rost 1998). 
Simple sequence–sequence comparison methods, such a BLAST (Altschul, 
Gish et al. 1990) or FASTA (Pearson and Lipman 1988), allow prediction of three-
dimensional structure for about 30% proteins in microbial genomes (Wang, Bryant 
et al. 2000). First versions of BLAST provided ungapped local alignment and 
required only a substitution matrix, which defines a score of aligning residues of 
two types (see Figure 1). The principal problem of aligning two sequences is to find 
the optimal superposition between their strings of amino acid. The simplest 
objective is to optimize the alignment score, for example percentage of residues that 
are identical (or similar based on a substitution matrix) between the two sequences. 
A dynamic programming algorithm is guaranteed to find the optimal solution for 
the problem in an algorithmic time quadratic in the length of both sequences. 
Currently, most of the BLAST-like sequence-aligning programs produce gapped 
alignment requiring parameters defining the penalty for allowing gaps, usually a 
gap initiation and a gap extension penalty. Both alignment parameters as well as 
substitution matrix have been extensively evaluated to obtain best alignment and 
highest discriminative power between significant scores for homologs and expected 
random scores (Henikoff and Henikoff 1992; Ginalski, Grishin et al. 2005). 
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Figure 1. Simple sequence-sequence alignment. Many sequence-sequence similarity 
measures, including BLAST, begin with a matrix of similarity scores for all possible pairs of 
residues. Identities and conservative replacements have positive scores, while unlikely 
replacements have negative scores. Total similarity score of an ungapped alignment is simply 
the sum of the similarity values for each pair of aligned residues. 
1.2.2 Remote homology modeling 
Protein sequence, due to accumulation of amino acid substitutions, can diverge so 
largely that the simple alignment tools are not powerful enough to detect sequence 
similarity between the various homologs (evolutionary related proteins). Not so far 
ago, such homology were discovered only after three-dimensional structures of both 
distantly related proteins were solved. As more cases of distantly homology were 
reported it appeared that most pairs of proteins with less than 25% pairwise 
sequence identity but with the same fold and are indeed homologs (Altschul, 
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Madden et al. 1997; Rost 1997). This remote homology could not be recognized by 
the BLAST/FASTA programs, as this level of sequence identity is not significant 
for structural similarity in the following sense. If one were to collect all pairwise 
alignments of <25% sequence identity that result from a search with sequence of 
unknown structure against a database of all other protein sequences, then the vast 
majority of these pairs would be entirely unrelated proteins. Thus, most similar 
structures appear to be remote homologs, but most possible pairs at low levels of 
sequence identity are usually unrelated. Consequently, searching for remote 
homologs is similar to the task of finding a needle in a haystack (Rost, Schneider et 
al. 1997).  
The effectiveness of identification of distant protein relationships has been 
greatly improved since the introduction of a database search strategy utilizing 
averaged sequences (called profiles) as queries instead of simple sequences 
(Rychlewski, Jaroszewski et al. 2000), as implemented in the broadly used Position-
Specific Iterated BLAST (PSI-BLAST) program (Altschul, Madden et al. 1997; 
Aravind and Koonin 1999; Schaffer, Aravind et al. 2001). The main idea of the 
profile-sequence search algorithms is based on the assumption that the alignment of 
conserved motifs is more important than the alignment of variable regions which 
basically led to the development of Position-Specific Substitution Matrices (Bork 
and Gibson 1996). The generic 20 x 20 substitution matrix was replaced by an 
N x 20 substitution matrix (profile) which defines the score for aligning any of the 
20 amino acids to each of the N residues of the protein (see Figure 2). Such profiles 
are generated based on the variability of amino acids found in multiple sequence 
alignment of the query protein with its close homologs. Thus, the profile describes a 
family of homologs rather than a single sequence. The calculation of the profile 
requires an initial multiple alignment as input (Ginalski, Grishin et al. 2005). 
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Figure 2. Sequence alignment based on Position-Specific Score Matrices (PSSM or profile). 
PSSM is constructed (automatically) from a multiple alignment of the highest scoring hits in 
an initial BLAST search. The PSSM is generated by calculating position-specific scores for 
each position in the alignment. Highly conserved positions receive high scores and weakly 
conserved positions receive scores near zero. The profile is used to perform a second (etc.) 
BLAST search and the results of each "iteration" used to refine the profile. 
1.2.3 Profile-profile fold recognition methods 
Using profile with sequence alignment methods, it is possible to compare both 
query profile with template protein and query sequence with template profile, which 
results in two potentially different alignments. The attempt to make this comparison 
more symmetric resulted in the direct alignment of two profiles as implemented in 
FFAS (Rychlewski, Jaroszewski et al. 2000), Picasso (Heger and Holm 2001) 
COMPASS (Sadreyev and Grishin 2003), and other similar tools (Yona and Levitt 
2002; von Ohsen, Sommer et al. 2003). It was shown that such profile-profile 
methods can detect similarity between two families, undetectable when using 
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profile with sequence comparison for any member of the query or the template 
families (Rychlewski, Jaroszewski et al. 2000). 
 
 
Figure 3. Sequence alignment based on meta-profile consistency. Contrary to PSSM, meta-
profile contains the secondary structure prediction in the form of a profile of probabilities. 
All the vectors of probabilities for the occurrence of all amino acids at each position are 
additionally normalized using the p=1 norm (the sum of all 20 values is equal to 1). The 
similarity between two positions (elements of the dynamic programming matrix) equals 
weight sum of two factors: dot product of the sequence profile vector and the dot product of 
the secondary structure probability vector. 
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Recent advance in profile comparison tools is based on the application of 
meta-profiles, which add predicted secondary structure preferences as additional 
three values to the position-specific substitution scores (see Figure 3). The 
secondary structure prediction is based solely on the sequence profiles themselves, 
thus no additional source of information is required. This approach of presenting the 
information to the alignment program resulted in a more sensitive detection of 
similarity between distantly related protein families (Ginalski, Pas et al. 2003).  
1.2.4 State-of-the-art protein structure prediction methods 
The competition between different structure prediction strategies has led to 
considerable improvements and changes in recent years. The fold recognition field 
is now dominated by the meta-predictors, like Pcons (Lundstrom, Rychlewski et al. 
2001), Shotgun (Fischer 2003) Libullela (Juan, Grana et al. 2003) and 
3D-Jury (Ginalski, Elofsson et al. 2003) that exploit many prediction methods of 
different types to generate consensus models. Advanced meta-predictors are able to 
modify the set of collected models either by filing missing parts with ab-initio or 
loop modeling (Chivian, Kim et al. 2005) or by creating hybrid models from 
segments of structures collected from prediction servers (Fischer 2003). Hybrid 
models have a higher chance to provide a more complete model but are sometimes 
unphysical in terms of chain connectivity. Multiple tests confirm that consensus 
methods are more powerful than individual prediction servers in sensitivity and 
specificity even if some meta-predictors use as little as three component servers as 
sources of models (Ginalski, Grishin et al. 2005). Such sophisticated sequence 
comparison methods are specially successful in remote homology detection of viral 
proteins (von Grotthuss, Wyrwicz et al. 2003) (Ginalski, Godzik et al. 2006), due to 
the fast evolution of these species resulting in fast divergence of their 
genes (see Figure 4). Once a distance homology is detected, remote homology 
modeling may be used to construct a three-dimensional model. These models are 
not only sufficiently precise to understand and test hypotheses about biological 
function but sometimes are accurate enough for structure-based drug design 
(see Figure 5) (Hoffmann, Eitner et al. 2006). 
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# Fold BLAST E-value 3D-JURY Score 
nsp3 SUD – N-Methyltransferase 8.9 (#6) 101 
nsp5 3C-like Protease 1 x 10-145 211 
nsp12 RNA-dependent RNA Polymerase 2 x 10-15 160 
nsp13 NTPase/Helicase 2 x 10-4 167 
nsp16 O-Methyltransferase  3.9 (#10) 102 
 
Figure 4. Structural/functional annotation of five key enzymes (non-structural proteins, nsp) 
of the human SARS coronavirus (SARS-CoV). Fold name, prediction score, and the rank in 
the hit list (if different from 1) are presented in the table. Positions of regions coding for the 
enzymes along the viral genome are shown below the table. Blue boxes correspond to non-
structural proteins (nsp5, nsp12, and nsp13) annotated by the BLAST and/or PSI-BLAST 
programs while red boxes indicate enzymes (nsp3 and nsp16) identified only by the 3D-Jury 
meta-predictor. 
nsp12 nsp13 nsp16 nsp3 nsp5 
Models only obtained using the 3D-Jury meta-predictor 
Models obtained using the BLAST or PSI-BLAST programs 
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                 Motif I: · ·····** 
SARS  SSNVANYQKV GMQKYSTLQG PPGTGKSHFA IGLALYYPSA ---------- ------RIVY   
1PJR  EQQEAVR--- TTEGPLLIMA GAGSGKTRVL THRIAYLMAE K--------- -HVAPWNILA   
1UAA  GQQQAVE--- FVTGPCLVLA GAGSGKTRVI TNKIAHLIRG C--------- -GYQARHIAA   
1W36  DPLRL----- PLQGERLIEA SAGTGKTFTI AALYLRLLL- -GLGGSAAFP RPLTVEELLV   
 
 
SARS  TACSHAAVDA LCEKALKYLP ----I-DKCS RIIPARARVE CFDKFKVNST LEQYVFC---   
1PJR  ITFTNKAARE MRERVQSLLG ----G-AAED VWISTFHSMC VRILRRDI-- -DR----...   
1UAA  VTFTNKAARE MKERVGQTLG ----RKEARG LMISTFHTLG LDIIKREYAA LGM----...   
1W36  VTFTEAATAE LRGRIRSN-- I...R-QMDE AAVFTIHGFC QRMLNLNA-- -------...   
 
            Motif II: **··                    Motif III: ·*· ·*· 
SARS  TVNALPETTA DIVVFDEISM ATNYDLSVVN ARL-R-A--- -KHYVYIGDP AQLPAPRTLL   
1PJR  DVLHYYQYKF QYIHIDEYQD TNRAQYTLVK KLAER-F--- -QNICAVGDA DQSIY----R   
1UAA  V-RKRWQNKI RYLLVDEYQD TNTSQYELVK LLVG-SR--- -ARFTVVGDD DQSIY----S   
1W36  L-AAAIRTRF PVAMIDEFQD TDPQQYRIFR RIWH---HQP ETALLLIGDP KQAIY----A   
 
 
SARS  TKGTLEPEYF NSVCRLMKTI GPDMFLGTCR RCPAEIVDTV SALVYD---- NKLK-A----   
1PJR  WRGADIQNIL SFERDYPNA- -KVILLEQNY RSTKRILQAA NEVIEH---- NVNR-K----   
1UAA  WRGARPQNLV LLSQDFPAL- -KVIKLEQNY RSSGRILKAA NILIAN---- NPH-VF----   
1W36  FRGADIFTYM KARSEVH--- -AHYTLDTNW RSAPGMVNSV NKLFSQTDDA FMF---REIP   
 
 
SARS  HKDKSAQCFK M--------- -------FY- KGVITHDV-- --------SS AINRPQIGVV   
1PJR  PKRIWTENPE G--------- -------KP- ILYYEAMN-- --------EA DEAQFVAGRI   
1UAA  EKRLFSELGY G--------- -------AE- LKVLSANN-- --------EE HEAERVTGEL   
1W36  FIPVK----- -SAGKNQALR FVFKGETQPA MKMWLM--EG ESCGVGDYQS TMAQVCAAQI   
 
                   Motif IV: ·········                Motif V: ······* 
SARS  REFLTRNP-- ------AWRK AVFISPYNSQ NAVASKIL-- --G---LPTQ TVDSSQGSEY   
1PJR  REAVERGE-- -----RRYRD FAVLYRTNAQ SRVMEEMLLK ANI...VMLM TLHAAKGLEF   
1UAA  IAHHFV-NK- -----TQYKD YAILYRGNHQ SRVFEKF--- --L...VQLM TLHASKGLEF   
1W36  RDWLQA--GQ RGEAPVRASD ISVLVRSRQE AAQVRDA--- --L...VQIV TIHKSKGLEY   
 
                                Motif VI: ····*·· · 
SARS  DYVIFTQTTE ---------- --TAHSCNVN RFNVAITRAK IGILCIM  
1PJR  PVVFLIGMEE GIFPHNRSLE DDDEMEEERR LAYVGITRAE EELVLTS  
1UAA  PYVYMVGMEE GFLPHQSSID EDN-IDEERR LAYVGITRAQ KELTFTL  
1W36  PLVWLPFITN F------... ------EDLR LLYVALTRSV WHCSLGV  
 
Figure 5. Sequence-structure multiple alignment of a sequence of the SARS-CoV helicase 
and structures of three different helicases: PcrA, Rep and RecB with PDB accession codes: 
1PJR (Hogbom, Andersson et al. 2001), 1UAA (Korolev, Hsieh et al. 1997), and 
1W36 (Singleton, Dillingham et al. 2004), respectively. Side-chains of eight conserved 
amino acids (highlighted by * symbol) from the ATP-binding pocket are presented by sticks 
and colored by atom types. Small RMSD values of these side-chain atoms (which vary from 
1.34 Å to 1.79 Å) allowed building a 3D model of the ATP-binding domain of the SARS 
helicase, which was used for structure-based drug design (Hoffmann, Eitner et al. 2006). 
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1.3 From structure to function 
Until not so long ago a protein structure was select to be solved only after its 
biochemical function was known beforehand, and whose three-dimensional 
structure might provide an understanding of the exact details of the mechanism 
underlying that function(Laskowski, Watson et al. 2003). But now, when over 30 
structural genomics centers have been established worldwide with the common goal 
of large-scale, high-throughput structure determination using X-ray crystallography 
and NMR(Chen, Oughtred et al. 2004), the selection criteria has been changed. 
Currently, decisive factors mostly include attributes such as the likelihood of the 
protein having a new fold, or whether the protein is a representative of a large, 
uncharacterized protein family, or perhaps is a sole member of a novel 
family(Laskowski, Watson et al. 2005). Function rather rarely enters the equation, 
and so many of the structures deposited at the PDB(Berman, Battistuz et al. 2002) 
by the various structural genomics initiatives are of ‘hypothetical proteins’, i.e. 
proteins of unknown, or uncertain, function(Berman and Westbrook 2004).  
However, knowing the three-dimensional structure of a protein opens up 
the possibility of ascertaining its function from an analysis of that structure. There 
are a number of methods in current use for predicting function from three-
dimensional structure, like Dali(Holm and Sander 1995) and VAST(Gibrat, Madej 
et al. 1996) which are based on simple idea which assumes that the more similar the 
structure, the more similar the function is likely to be. Other methods identify 
structural motifs associated with specific functions, or locate protein active sites, 
possible protein–protein interfaces, or merely highlight the residues that are most 
likely to have a functional role(Zhang and Kim 2003; Jones and Thornton 2004; 
Watson, Laskowski et al. 2005). It is well recognized that none of these structure-
based methods can expect to be successful in all cases. For example, methods that 
are able to detect catalytic residues in a three-dimensional structure will give no 
useful information if the protein in question is not an enzyme. Also, global 
comparison methods can sometimes give inaccurate results, especially when a 
function of the query protein significantly altered during evolution while its fold 
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remained largely unchanged (see Figure 6). The best known such examples are 
proteins that share the TIM-barrel fold which supports over 60 different functions 
(see Figure 7). 
 
Figure 6. The left panel presents DALI Z-score matrix between all pairs of a sequence non-
redundant set of 643 enzymes. A black dot represents Z-score ≥ 2. On the right, same Z-score 
matrix but with rows and columns rearranged by using the four-level hierarchical Enzyme 
Classification. Proteins are sorted by the 1st EC level, within the 1st EC level by the 2nd EC 
level, within the 2nd EC level by the 3rd EC level, and finally within the 3rd EC level by the 
last 4th EC level. The functionally sorted Z-score matrix identifies a large number of pairs of 
structurally similar enzymes which have distinct biological functions. 
EC Level 1 (6 classes): 
EC 1.-.-.-   Oxidoreductases 
EC 2.-.-.-   Transferases 
EC 3.-.-.-   Hydrolases   
EC 4.-.-.-   Lyases   
EC 5.-.-.-   Isomerases   
EC 6.-.-.-   Ligases  
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Figure 7. Ribbon representation of 2 different enzymes: D-glucarate dehydratase (on the left) 
and chloromuconate cycloisomerase (on the right) with the EC numbers 4.2.1.40 and 5.5.1.7, 
and with PDB accession codes 1BQG (Gulick, Palmer et al. 1998) and 1CHR (Hoier, 
Schlomann et al. 1994), respectively. Secondary structure elements are colored by rainbow 
palette from blue (N-end) to red (C-end). The enzymes share the same TIM-barrel fold and 
can be easily imposed with a high DALI Z-score of 41.1 and a small RMSD (root mean 
square distance) of 1.6 Å for 1312 backbone atoms. 
One way to overcome this problem is to use as many methods as possible 
in order to increase the chances of obtaining a helpful match. Currently, there are 
only two web-servers available on the Internet which combine results from different 
methods and try to find the consensus: ProKnow (Pal and Eisenberg 2005) and 
ProFunc (Laskowski, Watson et al. 2005). Both these tools almost always provide 
correct function of the query protein in the hit list but the consensus answer is still 
too often incorrect. For example, ProKnow error varies from 11% up to 60%  with 
93% coverage of 1507 distinct folded protein (Pal and Eisenberg 2005). Continuing 
to use such error prone procedures could lead to an unmanageable propagation of 
errors that might at the end jeopardize progress in Biology.  
The huge error rate is a consequence of using one averaged set of 
parameters, like similarity cutoff, that were optimized for the product of sensitivity 
and specificity. Recent studies shows that the error rate can be significantly 
decreased (almost to zero) by using different similarity score cutoff for different 
protein folds (von Grotthuss, Plewczynski et al. 2006). This suggestion was 
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motivated by two complementary rules that tell if protein function is determined by 
different protein folds it is not determined by fold which supports multiple 
functions; and if protein fold supports multiple functions it does not support 
function which is determined by multiple folds (George, Spriggs et al. 2004). It 
means, for example, that low structural similarity (DALI Z-score=3) can be enough 
for correctly assigning function to some structures (like methyltransferase with a 
deep trefoil knot) (see Figure 8) while for others, even very high structural 
similarity (DALI Z-score>30) could cause incorrect prediction (as in the case of the 
mentioned above proteins with the TIM-barrel fold). 
 
Figure 8. Ribbon representation of 2 methyltransferases with the EC number 2.1.1.- and 
PDB accession codes 1P9P (Elkins, Watts et al. 2003) and 1J85 (Lim, Zhang et al. 2003).    
Contrary to proteins with TIM-barrel fold, these two enzymes have only moderate structural 
similarity with DALI Z-score of 7.0 and with RMSD of 3.2 Å for 117 Cα atoms. However, 
the deep trefoil knot in the cofactor binding pocket (shown in highlighted areas) is reserved 
only for methyltransferase function. Therefore, any protein of unknown function but with 
similar trefoil knot structure can be assumed to be a methyltransferase even if structural 
similarity is as low as that between the presented enzymes. 
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1.4 Outline of this thesis 
The chapter 1 shows that current fully automated modeling, where protein 
structures are predicted by computer programs without any human intervention, can 
be as accurate as manual prediction. The chapter also highlights that the automated 
methods yielded high correlation (86%) between the reported confidence score and 
the quality of the predicted structure which basically proofs that naturally occurring 
proteins with similar sequences have similar fold. 
In the chapter 2, a new sensitive algorithm, named Meta-BASIC (Bilaterally 
Amplified Sequence Information Comparison) for sequence alignment is presented. 
The method combines the achievements in sequence profile-based strategies to 
generate fast and reliable predictions. Meta-BASIC was applied to obtain large-
scale structure–functional predictions for catalogued protein families of unknown 
function in the Pfam database (Bateman, Coin et al. 2004) and find many surprising 
functional connections. This shows the general applicability of the method, which, 
similar to structural genomic initiatives, is aimed at extracting functional 
information from poorly studied protein sequences. 
The chapter 3 illustrates a case study of the sequence-to-structure-to-function 
paradigm. The chapter presents the prediction of the methyltransferase fold for the 
nsp16 protein of the SARS coronavirus by the 3D-Jury system and assignment of 
the mRNA cap-1 methyltransferase function to this protein based on the 
conservation of characteristic constellation of four functionally important amino 
acid residues. The research has potential implications for antiviral therapy.  
In the chapter 4, a tool for predicting enzyme function from a protein structure is 
described. The implemented algorithm combines results from 2 different methods 
(3D-Hit and 3D-Fun) and uses different similarity score cutoff for different protein 
folds. Presented protocol was used to infer the EC number for proteins from 
structural genomics that are currently available and have functions marked as 
“unknown” in the PDB file. The obtained results show that the false positive error 
rate can be significantly inflated if fold-specific cutoffs are used.  
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2 Application of 3D-Jury, GRDB and Verify3D 
in fold recognition 
2.1 Abstract 
In CASP-5 the BioInfo.PL group has used the Structure Prediction Meta Server and 
the associated newly developed flexible Meta-predictor, called 3D-Jury, as the main 
structure prediction tools. The most important feature of the Meta-predictor is a 
high (86%) correlation between the reported confidence score and the quality of the 
selected model. The Gene Relational Database (GRDB) was used to confirm the 
fold recognition results by selecting distant homologs and subsequent structure 
prediction with the Meta Server. A fragment splicing procedure was performed as a 
final processing step with large fragments extracted from selected models using 
model quality control provided by Verify3D. The comparison of submitted models 
with the native structure conducted after the CASP meeting shows that the GRDB 
supported structure prediction lead to a satisfactory template fold selection while 
the fragment splicing procedure must be improved in the future. 
2.2 Introduction 
Every two years the CASP1 experiment provides a strong incentive for the 
developers of protein structure prediction strategies to spend many weeks trying to 
get the most out of their methods to generate dozens of models with the highest 
possible quality. From the biological point of view these models are most often 
useless, partially because other groups produced better models, but mainly because 
the correct structure will be probably known at the time the CASP meeting will take 
place. Nevertheless, this experiment is one of the main sources of experience for the 
improvement of current protein structure prediction strategies. At no other time 
around the biannual CASP cycle, is there so much detailed attention paid to each 
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model. The results of the predictions are compared with native structures after the 
meeting and the lessons learned are translated into added or improved prediction 
modules. 
The main lesson, we have learned from the CASP-4 experiment, concerned 
the potential power of the consensus structure prediction approach. CASP-4 was the 
first meeting in the CASP series where the fully automated version of the CASP 
experiment, CAFASP-22, was conducted simultaneously. In CAFASP-2, developers 
of automated predictions are asked to couple their servers to the CAFASP meta 
server, so that the servers are able to submit predicted models two days after a target 
is released. All models collected in the CAFASP experiment are public and can 
provide a lot of hints for the human groups, which have to deposit their models at 
CASP usually several weeks later. One of the attempts to profit from this data was 
initiated by the CAFASP organizers. A CAFASP-Consensus group was created, 
consisting of 4 humans who analyzed the models deposited in CAFASP mainly in 
terms of their confidence scores and the abundance of fold families represented in 
the set of templates. Some biological knowledge was also used in few cases. The 
selected models were submitted to CASP, usually without modifications. The group 
has obtained a very good 7th rank in the Fold Recognition category, which was 
much better than the rank obtained by any server participating in CAFASP. The 
lessons learned from this event lead to the development of the currently fast 
growing field of meta-predictors. In contrast to the original Meta Server3 used in 
CAFASP for data collection, the meta-predictors provide additional selection and 
processing of the models. 
An additional important lesson from the CASP-4 experiment stems from 
the fact that our own group, registered as BioInfo.PL, obtained rank 5 in the Fold 
Recognition category, higher than the rank of the CAFASP-consensus group. The 
main difference between our prediction strategy and the CAFASP-consensus 
strategy involved the expansion of the search for suitable structural templates using 
homologs of the target protein. The GRDB system (https://grdb.bioinfo.pl/) was 
used for this task. The system uses the ORFeus4 program as the engine to find 
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distant homologs. ORFeus combines the profile-profile alignment technology with 
the prediction of secondary structure, used very successfully in the threading field 
to boost the sensitivity of the sequence-structure matching functions. The distant 
homology detection algorithm starts with PSI-Blast searches to collect multiple 
alignments of sequences of proteins belonging to the family of the target. The 
usually large alignment is translated into a profile in the same spirit as conducted by 
the PSI-Blast program but with many minor procedural differences. The profiles 
created by PSI-Blast are used to predict local secondary structure preferences of the 
target protein. The preferences are expressed for each residue as three probabilities 
to obtain a helical, extended or coiled conformation. The resulting profile of 3 
values per residue and the sequence profile computed from the multiple alignment 
represents the data characterizing the target protein and used to search for distant 
homologs. The GRDB system contains the characteristic profiles computed for 
many protein families collected from both sections of Pfam5 and from COGS6, but 
also from representatives of the PDB7 or from other genomic sources. The system 
facilitates the comparison of the target family with ca. 100,000 other families, 
utilizing the fact that ORFeus, in contrast to many other methods used in fold 
recognition, does not require any information about any native structure to conduct 
the comparison. GRDB also contains simple PSI-Blast search procedures on large 
databases, which include amino acid sequences translated from open reading frames 
of unfinished genomes. The application of the GRDB system and the consecutive 
application of the Meta Server to obtain fold recognition results from state of the art 
structure prediction servers represented the essence of our successful prediction 
strategy at CASP-4. 
2.3 Methods 
Since CASP-4, the main progress was achieved in the area of meta-predictors. 
Other benchmarking experiments conducted within the LiveBench program have 
proven the significant improvement in prediction accuracy and reliability provided 
by the meta-predictors. Before CASP-5 started, several versions of the 
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Pcons/Pmodeller8 meta-predictor series, several versions of the ShotGun9 meta-
predictor series and the Robetta10 meta-predictor signed up for the parallel 
CAFASP-3 experiment. Also the number of participating autonomous servers 
doubled relative to the previous event. To take full advantage of the large number of 
available models a new, flexible and simple meta-predictor, called 3D-Jury11 was 
developed. The 3D-Jury system provided the possibility to select, which servers are 
to be used for consensus building (meta prediction) and the option to take into 
account one (closest) or all models per server. Initial benchmarking results 
conducted with the ToolShop12 program indicated that despite its simplicity the 
system is actually very powerful, accurate and matched the performance of other 
evaluated meta-predictors, i.e. the ShotGun and Pcons series. Especially the 
specificity of the server (the reliability of the  confidence score) proved to be a very 
useful feature for fold selection (figure 1). The 3D-Jury system also allows 
operating as a meta-meta-predictor if models collected from other meta-predictors 
are used in consensus calculations. Because of its versatility the results of the 3D-
Jury system (compiled using setting enabling the meta-meta processing) were 
posted on the main CAFASP pages and were made available to all CASP 
participants. 
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Figure 1. Correlation between 3D-Jury score and correct positioned residues in the model. 
The x-axis shows the confidence scores reported by 3D-Jury for the models collected within 
the LiveBench-6 experiment. The y-axis shows the corresponding number of correctly 
positioned residues (within 3Å from the native position) in the model. The high correlation 
(86%) between both values helps to estimate the quality of the model. 
Knowing that many of the human predictor groups, highly ranked in the 
previous CASP-4 fold recognition category, have acknowledged to take into 
account the predictions collected by the CAFASP-2 meta server and knowing that 
the performance of the meta-predictors was well known to at least all LiveBench 
participants, we expected that using the straight 3D-Jury models would place us in 
the middle of the “CASP-field”. We have thus decided to try to use an 
experimental, not previously evaluated approach of combining our structure 
prediction procedure with model assessment tools. We have gathered some 
experience with the application of Verify3D13 (a protein structure assessment tool) 
in homology modeling and we decided to apply it in our CASP-5 effort. 
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The Verify3D program provides assessment of structures on the residue 
level, which enables the user to locate parts of the protein, which are likely to have 
the correct conformation or to look for misfolded regions. We decided to take 
advantage of this feature and apply Verify3D not only to guide our model selection 
but also to cut correctly folded sections of models and splice them into the final 
structures. The splicing procedure was conducted by superimposing all chosen 
models and selecting model-fragments of structurally diverged regions, which 
showed the highest Verify3D scores. Structurally conserved regions were usually 
taken from the model with the highest 3D-Jury score and represented the crossing 
points for splicing the final model. The inserted fragments were usually of the size 
of super-secondary structures. 
The idea of splicing models from fragments was inspired by the known 
progress in the ab initio methodology attributed to the application of fragment 
insertion methods and from the benchmarking of different versions of the ShotGun 
meta-predictors, which also include a fragment splicing module. ShotGun meta-
predictor operating with the fragment splicing mode clearly outperformed the 
version, which did select the same models without modifying them (without 
splicing). The improvement in scores resulted from a larger number of correctly 
positioned residues in the model, which affects positively almost any evaluation 
method. The application of Verify3D and the subsequent splicing of positively 
evaluated fragments gave us the possibility to compete with the ShotGun meta-
predictors and possibly with the (feared) Robetta server (also published in this 
journal issue), which used very successful fragment-insertion-based ab initio 
procedures to improve models collected partially from other meta-predictor (We 
were not able to benchmark the Robetta server before or during the CASP 
procedure, due to high CPU costs of predictions). 
The final protein structure prediction strategy applied in CASP-5 is 
presented in figure 2. The strategy met our prior requirements of being sufficiently 
novel and having the potential to automation. The GRDB system, which helped us 
to rank higher than the manual consensus prototype participating in CASP-4, was 
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used in very difficult cases for the purpose of the general fold recognition. 
Subsequent models generated by the meta server and the 3D-Jury for distant 
homologs of the query protein selected with GRDB were discarded but the 
confidence scores assigned to particular folds were used as guidance for the fold 
selection. Only the models (alignments) collected for the original target sequence 
were used for the fragment splicing procedure and the final submission. 
GRDB Meta
Server
powered by
ORFeus
3D-Jury
Fragment
Splicing
Meta
Server
3D-Jury
INPUT
OUTPUT
 
Figure 2. General flowchart of the protein structure prediction strategy applied by the 
BioInfo.PL group in CASP-5. The target was submitted to the Meta Server and the 3D-Jury 
system was used to select suitable models for subsequent fragment splicing conducted with 
the help of Verify3D. In difficult cases the GRDB system was used to select distant 
homologs for subsequent structure prediction with the Meta Server and the 3D-Jury system. 
The result affected the selection of models for the fragment splicing procedure. 
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2.4 Results 
In CASP-5 the BioInfo.PL group managed to submit all targets. Table 1 presents 
our assessment of the results compiled for 4 meta-predictors (servers) and two 
human groups, i.e. BioInfo.PL and the group registered by Krzysztof Ginalski, as 
Ginalski. Both groups, as many other predictors in CASP-5, have used the Meta 
Server and the 3D-Jury system for fold recognition. However, Ginalski used a 
completely different modeling protocol, which involved selection of consensus 
alignment regions backed by multiple alignment of protein families (partially 
guided by biological information about important conserved residues collected from 
the literature) and subsequent manual evaluation of the 3D-models. Comparison of 
the results obtained by both groups’ shows that the fragment splicing method 
implemented by us was clearly inferior to the manual, sequence-information-guided 
alignment and modeling conducted by Ginalski. Even more disappointing is the fact 
that using standard model evaluation procedures as applied in LiveBench (using a 
cutoff of 40 correctly positioned residues in a model) our results are worse than the 
results of some of the meta-predictors, including the results of the 3D-Jury system, 
obtained with the same setting as posted on the CAFASP site during the prediction 
season. Our prior assumption was that those results will be used by many 
predictors, which would position us far below the top 10 groups. If our assumption 
would turn out correct, this manuscript would probably not have a chance to get 
published. Fortunately for our ranking, the assessment conducted by the CASP 
assessor in the fold recognition category is much less restrictive on the model 
quality than the thresholds used in LiveBench. In CASP, points can be obtained for 
all models if they are better than models produced by the majority of predictors. In 
LiveBench, models assessed as incorrect do not affect the total score. Table 1 shows 
the scores, which would be obtained if the default cutoff of a correct model would 
be lowered from 40 correct residues to 30. Using this less stringent cutoff a 
difference between the performance of our group and the meta-predictors appears. 
The BioInfo.PL group gets as many correct models as the best meta-predictor in this 
assessment, i.e. Robetta. The total number of correctly positioned residues is more 
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than 5% higher than that obtained by Robetta. A gap of additional 15% remains 
between BioInfo.PL and Ginalski. 
This gap illustrates the superiority of human experts in finding a better 
alignment. If the alignment would be ignored our results would be more 
competitive. Table 1 shows also the results obtained using sequence independent 
(alignment independent) assessment of the models. Using the standard setting as 
applied in LiveBench (using the LGscore-214 program), the BioInfo.PL group 
obtained the highest number of 20 correct models, with the best meta-predictors 
obtaining only 50%-65% (10-13) of that number. The group got points for 80% (20 
out of 25) of the fold recognition targets using sequence independent assessment. 
We conclude that our procedure is very promising in finding suitable modeling 
targets, but the quality of the models remains low.  This could be partially attributed 
to our attempt to use Verify3D on distant fold recognition templates, where the 
structural divergence is probably to high for correct assessment of the sequence to 
structure fitting. Figure 3 shows an example where Verify3D failed, in our hands, to 
select suitable fragments from chosen templates, which shared sufficient similarity 
to the native structure. 
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alignment-dependent (atoms at 3Å>=40|30)   ali-independent (-100*log(lgscore2)>=15)
KG BP RB 3JCa 3JAa 3DS5 PMO3 len target BP KG 3JAa PMO3 RB 3JCa 3DS5
100 106 54 104 106 108 111 264 T0136_2 40 33 40 34 27 32 32
82 93 89 99 104 99 95 256 T0136_1 42 27 42 40 34 35 35
93 93 91 88 90 88 101 147 T0132 33 35 35 35 32 34 34
51 61 52 65 57 75 61 170 T0168_1 21 22 21 21 17 20 17
69 69 44 50 62 50 38 167 T0159_1 22 22 22 10 12 15 15
64 29 43 40 40 31 33 100 T0130 15 20 15 14 15 15 14
37 37 35 49 33 49 30 142 T0159_2 13 12 10 4 13 14 14
25 25 20 32 29 29 25 141 T0168_2 20 15 20 20 13 20 15
98 85 86 89 75 88 80 135 T0138 30 34 27 24 30 30 30
98 75 60 74 69 74 58 106 T0134_2 22 37 30 22 30 27 27
58 59 59 59 56 65 61 120 T0157 25 25 23 23 25 25 25
70 58 84 31 55 31 48 127 T0134_1 31 32 32 25 27 17 17
37 30 26 29 26 29 24 156 T0156 17 14 5 10 10 7 7
28 28 20 16 25 16 28 155 T0174_2 33 32 25 33 7 4 4
33 32 41 13 7 13 7 74 T0193_1 15 15 3 7 15 2 2
20 20 19 17 13 17 20 197 T0174_1 17 15 17 17 5 2 2
59 32 42 60 45 60 41 234 T0147 17 22 14 15 20 14 14
53 36 30 37 36 36 30 287 T0173 15 17 13 12 11 13 10
48 49 20 23 30 22 18 139 T0191_1 15 15 7 5 10 4 4
31 31 22 34 27 26 30 106 T0135 13 11 12 14 12 13 10
42 39 37 18 7 18 25 91 T0148_2 15 14 10 14 14 10 10
34 34 33 0 23 28 17 71 T0148_1 17 15 11 3 13 7 10
19 19 34 23 23 29 16 227 T0187_2 14 14 7 7 13 7 12
13 13 43 18 0 19 21 56 T0162_1 2 2 3 11 14 10 10
8 8 7 6 0 7 6 51 T0162_2 0 1 2 0 0 7 1
KG BP RB 3JCa 3JAa 3DS5 PMO3   BP KG 3JAa PMO3 RB 3JCa 3DS5
985 748 788 777 759 756 656  Sum_40 462 433 349 309 272 270 247
14 10 13 11 11 10 9  Num_40 20 18 13 12 11 11 10
1157 1019 957 911 858 854 817  Sum_30        
19 18 18 15 14 13 14  Num_30        
Table 1. Performance of the BioInfo.PL on the fold recognition targets compared with results 
obtained by the Ginalski group and 5 selected meta-predictors. The “target” column lists the 
ids of the domains selected by the CASP assessors for the fold recognition category (black 
colour indicates easy fold recognition, red: distant fold recognition). The “len” column lists 
the lengths of the domains. The 7 left columns of the table show the result obtained by the 
Ginalski group (KG), the BioInfo.PL groups (BP) and 5 meta-predictors: Robetta (RB), two 
3D-Jury versions (3JCa and 3JAa, results of 3JCa were posted on the CAFASP page), 
ShotGun-on-5 (3DS5) and Pmodeller3 (PMO3). The values in the left columns correspond to 
the numbers of correctly positioned residues in the model (within 3Å from the native 
position). Black numbers are larger than 39, yellow values are below 30. The left 4 bottom 
rows summarize the performance of the selected groups. The “sum_40” row gives the sum of 
the correct residues in models with at least 40 correct residues (black values). The “num_40” 
row lists the number of such models. The “sum_30” and “num_30” rows show the same 
summary for the cutoff of 30 correct residues in a model. The right part of the table shows 
the summary obtained using the sequence independent (alignment independent) evaluation of 
models conducted with the LGscore program. The scores correspond to the log multiplied by 
-100 of the probability that the similarity between the model and the native structure is 
random. In LiveBench the cutoff of 15 is used to separate wrong and correct models. The two 
right rows at the bottom list the number of correct models (num_40) and the total number of 
points summed over correct models (sum_40). 
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Figure 3. Modeling of the target T0156. The initial application of the Meta Server and the 
3D-Jury system in the case of the target T0156 was inconclusive. The GRDB system was 
used to select 10 other sequences from the target family, which were subsequently submitted 
to the Meta Server again. None of the homologs obtained confident structure prediction 
results, but the highest score was obtained for the representative sequence of the COG0684 
family. The prediction suggested the template with the PDB code “1dik“ or “2dik” as the 
most promising modeling candidate. Subsequent re-evaluation of initial fold recognition 
results obtained for the target sequence indicated 3 models, where the same PDB structure 
was used as template, obtained from 3D-PSSM15, INBGU16 and ORFeus. The three models 
were evaluated using Verify3D. The plots shown in the figure correspond to the residue 
based quality assessment results. Values below 0.2 indicate suspect regions in the model. The 
highest values are obtained for the 3D-PSSM prediction over large sections of the model, 
(With the exception of the region 110-130 where the INBGU model obtains higher quality 
scores.) The structure submitted by us was spliced from two fragments of the two models 
(fragment 110-130 from INBGU and the other fragment from 3D-PSSM) and processed with 
Modeller. The quality graph of the final BioInfo.PL model is plotted in the figure as a dotted 
line. The comparison with the native structure revealed that despite the highest quality 
assessment obtained with Verify3D the 3D-PSSM model had the lowest number of correctly 
positioned residues (27 residues within 3Å from the native position) compared with models 
obtained from INBGU (33 residues) or ORFeus (50 residues). The alignment shown at the 
bottom of the figure indicates the residues, which were correctly positioned in all 4 models. 
2.5 Discussion 
The application of GRDB to select distant homologs to confirm or guide the fold 
assignment remains unreliable. It is not difficult to be driven to wrong conclusions 
when applying iterative PSI-Blast searches even if conservative confidence 
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thresholds are applied. The ORFeus system may seem slightly more robust. A 
higher reliability of the confidence score is reported for ORFeus in LiveBench 
experiments then for the evaluated PSI-Blast version. Nevertheless it is quite 
seldom to obtain a clearly significant ORFeus hit completely missed by PSI-Blast. 
The reliability of linking proteins with unknown structure is much lower than the 
reliability of linking structures of proteins where advanced meta-predictors can be 
applied. Because of this, it will be difficult to automate the fold recognition using 
homologous targets, even though it was one of the initial requirements of the 
proposed prediction strategies. This part of the procedure is likely to remain a 
laborious manual task in the future CASP experiment. 
One of the biggest discoveries of the CASP-5 meeting is the remarkable 
performance of automated meta-predictors, which come close to the performance of 
best groups. This field is quite new and is likely to develop further in the next two 
years. It is also clear that, in fold recognition, methods that use fragment splicing 
techniques, whether implemented in meta-predictors (as in Robetta or the ShotGun 
series) or as support of manual prediction strategies are almost essential if a high 
total score is the aim. Unfortunately our choice of the fragment splicing protocol did 
not perform as well as planned. This will probably become our main task during our 
subsequent effort to improve the structure prediction protocol. 
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3 Detecting distant homology with Meta-BASIC 
3.1 Abstract 
Meta-BASIC (http://basic.bioinfo.pl) is a novel sensitive approach for recognition 
of distant similarity between proteins based on consensus alignments of meta 
profiles. Specifically, Meta-BASIC compares sequence profiles combined with 
predicted secondary structure by utilizing several scoring systems and alignment 
algorithms. In our benchmarking tests, Meta-BASIC outperforms many individual 
servers, including fold recognition servers, and it can compete with meta predictors 
that base their strength on the structural comparison of models. In addition, Meta-
BASIC, which enables detection of very distant relationships even if the tertiary 
structure for the reference protein is not known, has a high-throughput capability. 
This new method is applied to 860 PfamA protein families with unknown function 
(DUF) and provides many novel structure–functional assignments available on-line 
at http://basic.bioinfo.pl/duf.pl. Detailed discussion is provided for two of the most 
interesting assignments. DUF271 and DUF431 are predicted to be a nucleotide-
diphospho-sugar transferase and an α/β-knot SAM-dependent RNA 
methyltransferase, respectively. 
3.2 Introduction 
The fastest approach to annotating a novel protein is to infer its function from an 
experimentally studied homologue. However, simple and reliable sequence 
similarity search tools such as Fasta (1) or Blast (2) are frequently not powerful 
enough to detect homology unambiguously. In the 1990s threading methods (3–6) 
emerged, which were able to go further in predicting similarities between proteins, 
but only when one of the proteins to be aligned had a known three-dimensional 
(3D) structure. Threading methods were developed with the hope of detecting 
analogues, i.e. structurally similar proteins with no evolutionary relationship. 
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However, for most predictions found by threading, homology (evolutionary 
relationship) was later supported by new and advanced sequence comparison 
methods, such as PSI-Blast (7). The competition and partnership between sequence-
based and structure-based prediction strategies has led to considerable 
improvements and changes in recent years. The fold recognition field is now 
dominated by the meta predictors [3D-Jury (8), Pcons (9), Shotgun (10), Libullela 
(11)] exploiting many different prediction methods of both types to generate 
consensus models. The usage of profiles is now generalized to the alignment of two 
sequence profiles (12–18) or two meta profiles [ORFeus (19)]. Here we present a 
method, Meta-BASIC (Bilaterally Amplified Sequence Information Comparison), 
that combines the achievements in sequence profile-based strategies with secondary 
structure predictions to generate fast and reliable predictions using meta profile 
alignment algorithms. We apply Meta-BASIC to obtain large-scale structure–
functional predictions for catalogued protein families of unknown function in the 
Pfam database (20) and find many surprising functional connections. This shows 
the general applicability of the method, which, similar to structural genomic 
initiatives, is aimed at extracting functional information from poorly studied protein 
sequences. 
3.3 Methods 
3.3.1 Overview 
Our method, Meta-BASIC, derives its strength from four sources. First, it is a novel 
sequence profile-based method. Profile methods, including PSI-Blast, set the 
standard in the field as accurate predictors of remote links between proteins. High-
scoring PSI-Blast hits are essentially correct and biologically meaningful. In 
addition, a skilful PSI-Blast user is able to pick a few non-trivial homologues by 
careful analysis of hits in the twilight zone. However, many interesting but very 
remote homologues still remain undetected at the sequence level. Second, Meta-
BASIC uses predicted local structure (secondary structure) information. Adding 
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structural information to a sequence profile often helps to find homologues that 
diverge beyond recognition sequence-wise but remain structurally similar. In 
contrast to Meta-BASIC, many conventional threading algorithms utilize 
experimental global 3D structure to score similarity. Therefore, as a pre-requisite 
for correct prediction, a protein of interest must have the structure of its homologue 
determined. Using predicted secondary structure, we are free from that requirement 
and can find links between proteins of unknown structure. In addition, parting with 
the global threading allows for a faster algorithm and higher throughput. Third, 
Meta-BASIC not only combines sequence profile with secondary structure profile 
to form what we call meta profile, but also utilizes several scoring systems and 
alignment algorithms. Averaging between the results obtained by slightly different 
approaches helps to boost the accuracy. Fourth, Meta-BASIC has a high-throughput 
capability since it is a stand-alone program in contrast to most meta servers, which 
collect predictions from several remotely located prediction services. 
3.3.2 Algorithm 
In brief, the current version of Meta-BASIC (BasD) uses two versions of highly 
sensitive similarity detection algorithms. Both algorithms are based on dynamic 
programming and gapped alignment of meta profiles. Specifically, meta profiles 
combine the conventional positional variability of amino acids (sequence profiles) 
with secondary structure predictions. Our recent studies demonstrated that 
alignment of meta profiles as implemented in ORFeus is more sensitive than the 
alignment of pure sequence profiles (19). As a further improvement of this 
approach, Meta-BASIC uses the combination of two main components that differ in 
the way the score for aligning two positions of meta profiles is calculated. The first 
method (zdotc) computes a dot product of sequence variability vectors for the two 
positions, while the second method (zmatc) multiplies one vector by the 
BLOSUM62 matrix and the result by the other vector. The predicted preferences for 
the three secondary structure states (α-helix, ß-strand and loop) are compared using 
the city block metric (the sum of the absolute differences of propensities). 
Alignment scores obtained with both versions are normalized to enable direct 
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comparison. To ensure standardization, each profile is aligned to a set of 300 
unrelated profiles and the collected scores are used to estimate the parameters of the 
distribution of random scores. Each alignment score is then converted to a Z-score 
by subtracting the mean of the distribution and dividing the result by the standard 
deviation. The final score reported by Meta-BASIC is equal to the average of the 
two Z-scores obtained with both methods, and the alignment is selected from the 
version which reported higher Z-score. A more detailed description of Meta-BASIC 
is available on-line at http://basic.bioinfo.pl/about.pl. 
3.4 Results and discussion 
3.4.1 Comparison with other methods 
Meta-BASIC has been extensively evaluated and compared with other protein 
structure prediction methods in the framework of the LiveBench program 
(http://bioinfo.pl/LiveBench/) (21). Methods that are being continuously evaluated 
by LiveBench cover pure sequence algorithms, threading approaches, and various 
meta predictors that combine sequence-based and structure-based methods. Several 
meta servers obtain many models generated for the target protein from diverse 
prediction servers that may be located in several countries around the world. These 
meta servers compare the models with each other to find a consensus. All 
benchmarks, including the recent CASP5 experiment (22), confirm that consensus-
based methods that use many prediction servers are more powerful than individual 
servers and thus represent the best of what researchers can explore today. However, 
these meta servers are slow since they need to collect models from many sources. 
The main asset of Meta-BASIC is the high specificity of the reported 
confidence score, which means that very few high-scoring hits represent incorrect 
predictions. Importantly, 12 different components and 3 different versions of Meta-
BASIC were tested in the LiveBench-8 experiment to finally select BasD as having 
the highest specificity (Table 1). Our benchmarking of Meta-BASIC reveals that it 
outperforms many individual servers, including fold recognition servers, and it can 
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compete with meta predictors basing their strength on the structural comparison of 
models. Specifically, Meta-BASIC (BasD) has achieved rank 2 in the specificity 
assessment in LiveBench-8. Only one version of Shotgun meta predictor, Shotgun-
on-3 (3DS3), has obtained a higher specificity. While competitive in accuracy with 
other meta predictors, Meta-BASIC has clear advantages. It is local, relatively fast 
and can be used for high-throughput annotation of genomes (1000 predictions per 
day are feasible on the current server at http://basic.bioinfo.pl), while the meta 
predictors coupled to the Meta Server (23) can handle only about 50 predictions per 
day. Another crucial advantage is that Meta-BASIC does not require the structure of 
the template to be known. This makes it possible to compare the target protein not 
only with proteins of known structure, such as those extracted from the PDB (24), 
but also with protein families of unknown structure, such as those from Pfam 
database, various genomic resources or any other sequence databases. 
3.4.2 Structure–functional annotation for uncharacterized protein families 
Exploiting this positive aspect of the new method, we searched for putative 
homologues for 860 PfamA protein families without functional annotation (DUF, 
catalogued by Pfam developers) to generate hypotheses about the functions of these 
proteins. Each target family was compared with all 6249 PfamA families and with 
7225 proteins (representatives at 90% of sequence identity) extracted from PDB. 
For each PDB entry and PfamA/DUF family (represented as consensus sequence), 
sequence alignments utilized in the profile building were created with PSI-Blast, 
while secondary structure predictions were obtained using the PSIPRED program 
(25). The same comparison was also conducted using RPS-Blast and PSI-Blast 
(combined with Meta-Blast). Meta-BASIC was able to find significant hits to 
PfamA for 208 families and significant hits to PDB for 155 families, when the 
conservative Z-score of 12 was used as a threshold. Predictions with Z-score above 
12 have <5% probability of being incorrect (using rigorous structural criteria). Of 
those hits, 70% can be confirmed with significant Meta-Blast E-value of <0.005, 
and 85% achieved E-value of <10 (Figure 1). As a necessary disclaimer, these 
statistics may change, since all DUF families are recalculated periodically to keep 
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the database of assignments up to date with regard to the currently available 
sequential and structural information. When the Meta-BASIC threshold is relaxed 
to lower values, many more potential links can be found, but in such cases 
additional evidence is necessary to confirm the validity of the predictions. All 
predictions are available on-line at http://basic.bioinfo.pl/duf.pl and in our opinion 
represent a goldmine for undiscovered homologies. Detection of unexpected but 
relatively reliable relationships enables researchers to assign function, and 
frequently also a structure, to a few completely uncharacterized families of 
hypothetical proteins. Table 2 shows selected examples of such unexpected 
assignments obtained (in October 2003) with Meta-BASIC score above 12 that 
could not be confirmed by PSI-Blast or RPS-Blast in our setting. Table 2 includes 
also the highest scoring Meta-BASIC matches to proteins of known structure. All of 
the five hits have confident fold assignments as confirmed by detailed manual 
analysis and all five provide unexpected functional predictions to the best of our 
knowledge not reported before. Two of the five predictions are discussed below. It 
should also be stressed that in several cases where no reliable structural assignments 
were obtained, Meta-BASIC (but not Meta-Blast) confidently mapped analysed 
DUF families to other PfamA families of unknown structure. For instance, DUF820 
was linked by Meta-BASIC with Z-score of 21.74 to the Competence protein CoiA-
like family (PF06054). This further emphasizes the applicability of the new method 
to detecting distant relationship between proteins even if the tertiary structure for 
the reference protein is not known.  
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Figure 1. Statistics of putative annotations obtained with Meta-BASIC for 860 PfamA 
families of unknown function. The figure shows the number of similarities found with Meta-
BASIC between the target families with unknown function (DUF) and other PfamA families 
or PDB proteins with a conservative Meta-BASIC score cut-off of 12 (BASIC). The bars 
labelled ‘Blast’ indicate the number of similarities found with Meta-BASIC and supported by 
Meta-Blast with an E-value below 10 or 0.005, respectively. The Meta-Blast E-values 
correspond to the lowest E-values reported by PSI-Blast or RPS-Blast. 
3.4.3 Prediction highlights 
DUF271 belongs to the superfamily of nucleotide-diphospho-sugar transferases. 
PfamA family DUF271 encompasses several hypothetical proteins from 
Caernorhabditis elegans. While Meta-Blast was unable to find any reliable matches 
to other PfamA families or to proteins of known structure, Meta-BASIC predicted 
the nucleotide-diphospho-sugar transferases fold for this family. Meta-BASIC 
assigned reliable scores to Glycosyl transferase family 8 (GT8) (PF01501) and, in 
particular, to the structures of galactosyl transferase LgtC (26) and Glycogenin-1 
(27). Apart from LgtC and Glycogenin, PF01501 contains about 200 different 
proteins involved in the biosynthesis of disaccharides, oligosaccharides and 
polysaccharides. The GT8 enzymes belong to the EC 2.4.1 group that catalyse the 
transfer of sugar moieties from activated donor molecules (UDP-sugar) to specific 
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acceptor molecules, forming glycosidic bonds (28,29). The consensus sequence of 
DUF271 contains four known motifs that are necessary for UDP-sugar binding 
(Figure 2). The first conserved motif (33YDSSN37) is responsible for the 
interaction between the enzyme and the nucleotide. Conserved Asp34 forms a 
hydrogen bond with the nitrogen of the uracil base (27). The DUF271 also contains 
the DXD-like motif (129QQD131) that is conserved in most prokaryotic and 
eukaryotic glycosyltransferases. This motif appears to function primarily in the 
coordination of the divalent cation, most commonly Mn2+, essential for the binding 
of the nucleotide sugar-donor substrate (26). Asp202, is the next key residue that is 
highly conserved among all DUF271 sequences. The 4' and 6' sugar oxygens make 
hydrogen bonds to the side-chain carboxylate of Asp202, indicating that this residue 
has an important role in binding and most likely in catalysis as well. The fourth 
sequence motif (243QLDGEKK249) forms hydrogen bonds with Mn2+ and both 
phosphates. Gln243 possibly coordinates the cation while the backbone nitrogen of 
conserved Gly246 and the side-chain of conserved Lys249 directly interact with the 
phosphates. Therefore, based on the conservation of residues characteristic for the 
uridine 5'-diphosphate-sugar (UDP-sugar) binding site, the glycosyltransferase 
function can be confidently inferred for DUF271. 
 
Table 1. Comparison of 3 Meta-
BASIC versions and 12 
components in LiveBench-8. The 
targets are divided into EASY and 
HARD. The ‘Score’ columns for 
both categories show the total 
score obtained with the 3D-eval 
evaluation method. The ‘Hits’ 
columns indicate the number of 
correct hits produced by the 
methods. The specificity of the 
methods is evaluated in the ROC 
column. A higher ROC score 
indicates a higher reliability of the 
confidence score generated by 
each method. The details of the 
evaluation procedure are 
described on the LiveBench pages (http://bioinfo.pl/LiveBench/) and in related publications. Three tested Meta-BASIC 
versions are shown in boldface. There are three basic component methods dot, orf and mat. orf and dot use dot product 
calculation when comparing two vectors of the aligned profiles. mat uses vector times matrix times vector 
multiplication to compare the two vectors. Methods with names starting with the letter r return the raw score of the 
alignment while methods starting with the letter z return the Z-score transformation of the raw score. Methods with 
names ending with letter b use three PSI-Blast iterations to calculate the profile for each family while methods with 
names ending with the letter c use six PSI-Blast iterations. mBAS calculates the score by averaging the results obtained 
with all six methods which return Z-scores (zorfb, zorfc, zdotb, zdotc, zmatb, zmatc). The underlying raw scores cannot 
be easily compared with each other. BasP uses only zdotb and zmatb (three PSI-Blast iterations). BasD uses zdotc and 
zmatc (six PSI-Blast iterations) and it was selected as the current version of Meta-BASIC. 
EASY score hits HARD score hits ROC score 
rdotb 6002 67 mBAS 2306 34 BasD 92.0 
zdotb 5971 68 BasD 2261 33 Rorfc 92.0 
mBAS 5964 68 rorfc 2233 32 zmatc 90.9 
BasP 5958 67 zdotb 2225 32 mBAS 90.1 
BasD 5951 68 zdotc 2213 32 zorfc 89.4 
rdotc 5932 68 BasP 2157 31 zdotc 88.7 
zmatb 5909 68 zorfc 2150 31 zdotb 87.9 
zdotc 5908 68 rorfb 2144 31 zmatb 87.9 
zmatc 5886 68 rdotb 2143 30 rorfb 87.7 
rorfc 5880 68 rdotc 2125 31 BasP 87.6 
rorfb 5875 66 zmatc 2063 30 rdotc 85.6 
zorfb 5869 66 zorfb 2030 29 zorfb 83.5 
zorfc 5861 68 zmatb 1996 30 rmatc 81.8 
rmatb 5843 67 rmatb 1973 28 rdotb 79.5 
rmatc 5822 68 rmatc 1902 27 rmatb 76.7 
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Figure 2. DUF271 belongs to the superfamily of nucleotide-diphospho-sugar transferases. 
The 3D model of the DUF271 consensus sequence was based on the structure of the 
galactosyl transferase LgtC (26) (PDB code: 1ga8) from Neisseria meningitides. The Mn2+ 
cation (orange), UDP-sugar (gray) and the side-chains (white) of the key residues (Asp34, 
Ser36, Gln129, Asp131, Asp202, Gln243, Lys249) essential for UDP-sugar binding are 
shown. 
DUF431 belongs to the superfamily of α/β-knot SAM-dependent RNA 
methyltransferases. DUF431, encompassing several hypothetical proteins from 
Saccharomyces cerevisiae, Plasmodium falciparum, Plasmodium yoelii, Neurospora 
crassa and a few archeal organisms, is another PfamA family for which no reliable 
structure–functional assignment can be obtained with PSI-Blast or RPS-Blast. 
Meta-BASIC assigned an above-threshold score to the tRNA m(1)G 
methyltransferase family (PF04243), which includes biochemically characterized 
S.cerevisiae protein Trm10p responsible for the methylation of G residues to m(1)G 
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in tRNAGly at position 9 (30). In addition, Meta-BASIC mapped the consensus 
sequence of DUF431 to the structures of the cofactor-binding domain of RrmH 
(31), RlmB (32), YibK (33), YggJ (34) and YbeA, which are members of the 
SPOUT (35) superfamily of known or predicted S-adenosylmethionine(SAM)-
dependent tRNA and rRNA methyltransferases. This domain adopts an α/β-knot 
fold with topology differing from that of the classical methyltransferases. 
Importantly, unique pseudoknot structure provides the binding site for SAM, which 
interacts mainly with the main chain amide and carbonyl groups as well as with the 
surrounding side-chains of hydrophobic residues that are also conserved in the 
DUF431 family. DUF431 and SPOUT methyltransferases share the conserved 
Gly90 in the SAM-binding loop (35), Ala72 at the position occupied by tiny side-
chains, important for the pseudoknot formation, as well as several conservatively 
replaced residues at the dimer interface. Despite very weak sequence similarity, 
conservation of these unique features as well as reasonable mapping of predicted 
and observed secondary structure elements are additional indicators of the correct 
structure–functional assignment (Figure 3). All these findings demonstrate that 
DUF431 is yet another family of α/β-knot SAM-dependent RNA 
methyltransferases. In addition, we propose that the last 60 residues not mapped on 
the cofactor-binding domain may form a substrate-binding domain. Its C-terminal 
localization indicates that DUF431 proteins possibly use tRNA as substrates (33). 
 
DUF PFAM Name Meta-Basic PDB Name 
Meta-
Basic 
DUF271 PF01501 Glycosyl transferase family 8 23.55 1ll0A Glycogenin-1 23.70 
DUF431 PF04243 tRNA m(1)G methyltransferase 17.06 1ipaA 
RNA 2'-O-Ribose 
Methyltransferase 10.81 
DUF393 PF00462 Glutaredoxin 13.29 1fovA Glutaredoxin 3 14.16 
DUF920 PF00797 N-acetyltransferase 13.02 1e2tA N-Hydroxyarylamine O-Acetyltransferase 15.57 
DUF833 PF03577 Peptidase family U34 12.73 3pvaA Penicillin V Acylase 9.24 
Table 2. Selected examples of unexpected but reliable Meta-BASIC predictions. Five out of twenty-six significant 
similarities between PfamA families with unknown function (DUF) and other PfamA families detected by Meta-BASIC 
but not with Meta-Blast E-value below 10 are displayed in left part of the table. The structural assignment for the five 
families based on detected similarities to proteins of known structure is reported in the right part. In all cases the name 
of the related family or protein and theMeta-BASIC score is shown. Only first, strongestPfamAandPDBhits are listed. 
Our literature search indicated that these similarities for the selected DUF families have not been reported before. 
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Figure 3. DUF431 belongs to the superfamily of α/β-knot SAM-dependent RNA 
methyltransfeases. The 3D model of the cofactor-binding domain of the DUF431 consensus 
sequence was based on the structure of the YibK, hypothetical tRNA/rRNA 
methyltransferase HI0766 (33) (PDB code: 1mxi [PDB] ) from Haemophilus influenzae. The 
pseudoknot is coloured in violet. The S-adenosylhomocysteine (SAH) (grey) and positions of 
highly conserved residues (red dots) essential for the pseudoknot formation (Ala72) and SAH 
binding (Gly90) are shown. 
3.5 Conclusions 
The database of potential structure–functional annotations generated by Meta-
BASIC for PfamA families of unknown function contains many more examples of 
non-trivial and potentially useful assignments that can be studied and verified by 
researchers. Methods such as Meta-BASIC that push homology inference further 
and allow for large-scale annotations may represent a cheaper alternative to, and 
clearly complement, many experimental efforts in the diverse field of genomics-
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oriented research. The growing amounts of data obtained in large-scale sequencing 
projects, structural genomics efforts, DNA-chip experiments, two-hybrid interaction 
mapping and many others provide the foundation for, and a strong boost to, the 
systematic approach to investigating cells and organisms [systems biology (36)]. To 
fully understand the large networks of interactions, it is crucial to know as much as 
possible about every individual member of the system. Yet, functional annotation of 
proteins with standard methods leaves a prohibitively large gap of more than 30% 
of the proteome. The goal of Meta-BASIC is to reduce this gap and we hope that 
scientists annotating genomes will take advantage of the recent progress in the field 
of protein structure–functional prediction. 
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4 mRNA cap-1 methyltransferase in the SARS 
genome 
4.1 Abstract 
The 3D-Jury system has predicted the methyltransferase fold for the nsp16 protein 
of the SARS Coronavirus. Based on the conservation of a characteristic tetrad of 
residues, the mRNA cap-1 methyltransferase function has been assigned to this 
protein, which has potential implications for antiviral therapy. 
4.2 Introduction 
The latest outbreak of the Severe Acute Respiratory Syndrome (SARS) epidemic 
has led to thousands of potentially lethally infected patients and hundreds of deaths. 
These numbers are likely to rise and the spreading disease is already causing major 
medical and economical concerns. Meanwhile, The SARS Coronavirus identified as 
the pathogen responsible for the disaster has been isolated and its genome 
sequenced (Marra et al., 2003; Rota et al., 2003). 
4.3 Results and discussion 
We have applied the 3D-Jury meta predictor (Ginalski et al., 2003) to annotate the 
structure and function of proteins encoded by the viral positive-strand ssRNA. The 
meta predictor belongs to a novel class of fold recognition methods, which utilize 
the global network of independent structure prediction servers. Detection of patterns 
of structural similarity between diverse models is used to consistently select the 
correct fold from a set of borderline predictions. Such methods made a dramatic 
impact on the last “Critical Assessment of protein Structure Prediction” (CASP-5 
experiment) conducted in the summer of 2002. One of the most interesting findings 
obtained during the SARS genome annotation process is a surprisingly reliable (3D-
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Jury score > 100) assignment of the methyltransferase fold to the nsp16 
(GI:30133975) domain located in the C-terminal part of the almost 7000 amino acid 
large pp1ab viral polyprotein (Figure 1). Standard sequence comparison tools such 
as PSI-Blast or RPS-Blast applied using the Conserved Domain Database 
(Marchler-Bauer et al., 2003) failed to assign any function to this domain. The 
domain belongs to the ancient family of AdoMet-dependent ribose 2'-O-
methyltransferases, which has been adapted by numerous viruses before the three 
Domains of Life evolved form the Last Universal Common Ancestor (LUCA) 
(Feder et al., 2003). The enzymatic role of the protein was confirmed by the 
presence of the conserved tetrad of residues K-D-K-E essential for mRNA cap-1 
(mGpppNm) formation. 
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Figure 1. The 3D model of the nsp16 domain of the SARS Coronavirus pp1ab polyprotein is 
based on the reassigned (Bujnicki and Rychlewski, 2001) cap-1 methyltransferase of the 
Reovirus λ2 protein (1ej6 (Reinisch et al., 2000)). While other templates (1eiz or 1ej0) 
obtained marginally higher 3D-Jury scores, the selected template had the lowest number of 
insertions and deletions. Side chains of the conserved tetrad of residues (K-D-K-E) essential 
for cap-1 methylation and the docked AdoMet cofactor are shown. Four blocks of aligned 
motifs containing the conserved, function-specific residues are shown in upper right corner. 
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The mRNA cap methylation is found indispensable for efficient replication 
of many viruses (Bach et al., 1995) (Woyciniuk et al., 1995) (Vlot et al., 2002) and 
represents an active area for drug development. Nevertheless direct inhibitors of the 
nsp16 enzyme may fail to suppress viral replication, as the cap-1 formation seems 
to be less critical than the preceding cap-0 (mGpppN) formation (Latner et al., 
2002; Wu and Guarino, 2003). The existence of the cap-1 forming enzyme in the 
genome would suggest that the virus encodes also the AdoMet-dependent cap-0 
methyltransferase. Both functions can be inhibited by carbocyclic analogues of 
adenosine, such as Neplanocin A or 3-deazaneplanocin A, which interfere with the 
AdoMet - AdoHcy metabolism of the host cell (De Clercq, 1998) (Bray et al., 
2002). Those compounds could complement other therapeutic strategies aimed at 
blocking enzymatic functions such as the RNA-dependent RNA-polymerase, the 
protease or the helicase encoded by the SARS virus.  
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5 PDB-UF: database of predicted enzymatic 
functions for unannotated protein structures 
from structural genomics 
5.1 Abstract 
5.1.1 Background 
The number of protein structures from structural genomics centers dramatically 
increases in the Protein Data Bank (PDB). Many of these structures are functionally 
unannotated because they have no sequence similarity to proteins of known 
function. However, it is possible to successfully infer function using only structural 
similarity. 
5.1.2 Results 
Here we present the PDB-UF database, a web-accessible collection of predictions of 
enzymatic properties using structure-function relationship. The assignments were 
conducted for three-dimensional protein structures of unknown function that come 
from structural genomics initiatives. We show that 4 hypothetical proteins (with 
PDB accession codes: 1VH0, 1NS5, 1O6D, and 1TO0), for which standard BLAST 
tools such as PSI-BLAST or RPS-BLAST failed to assign any function, are 
probably methyltransferase enzymes. 
5.1.3 Conclusions 
We suggest that the structure-based prediction of an EC number should be 
conducted having the different similarity score cutoff for different protein folds. 
Moreover, performing the annotation using two different algorithms can reduce the 
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rate of false positive assignments. We believe, that the presented web-based 
repository will help to decrease the number of protein structures that have functions 
marked as “unknown” in the PDB file. 
5.1.4 Availability 
http://paradox.harvard.edu/PDB-UF and http://bioinfo.pl/PDB-UF  
5.2 Background 
Over 30 structural genomics centers have been established worldwide with the 
common goal of large-scale, high-throughput structure determination using X-ray 
crystallography and NMR [1]. One challenge is to predict the function of the 
proteins from their three-dimensional structures, primarily those which have no 
detectable sequence similarity to any protein of known function [2]. Currently, the 
total size of the Protein Data Bank (PDB) [3] is more than 32,000 entries, which 
contain over 29,000 different (63,000 redundant) protein chains. Many of the PDB 
chains have been mapped to Enzymatic Classification (EC) numbers via the 
Swiss-Prot database [4]. The mapping information has been presented as a 
PDBSprotEC database [5], which is available on the Internet. SCOPEC [6] is 
another web-based repository which is similar to PDBSprotEC collection. The 
SCOPEC set contains a description of the protein catalytic domains with assigned 
enzyme function. Prediction of protein function has been conducted using sequence 
similarity in both web-accessible databases. There is no doubt the PDBSprotEC and 
SCOPEC databases are full of very useful EC number assignments. However, none 
of these services contains predictions for proteins that have no sequence similarity 
to known enzymes. Moreover, neither PDBSprotEC nor SCOPEC includes any data 
for recently deposited PDB structures. The “youngest” annotated in PDBSprotEC or 
SCOPEC protein was released by PDB in August 2004 or in February 2003, 
respectively. Therefore, we decided to use the structure-function relationship [7-9] 
for automatic assignment of the EC number to 499 protein structures that came 
from the structural genomics centers and whose function is marked as “unknown” 
Charter 5 
77 
in the PDB file. All assignments are combined into a web-accessible database, 
which will be updated as soon as the new structures from structural genomics 
projects are released. Because most of these PDB entries are still not published, we 
believe that our repository will help to reduce the number of proteins that have 
functions marked as “unknown” in the PDB file. 
5.2.1 Sequence-function relationship 
Before predicting the enzyme function based on structural relationship, we checked 
if it was possible to assign the EC number to the protein using only sequence 
similarity information. George et al. found that even for homologues detected by a 
third iteration PSI-BLAST profile there is a 50:50 chance of assigning a fairly 
specific three-digit EC number [6]. This work seems to be in contrast with many 
reports suggesting that it is very difficult to successfully infer function below 40% 
sequence identity [10, 11]. Therefore, we conducted an experiment to investigate 
both claims. Sequence chains from the Protein Data Bank were clustered by 
similarity using 90% of amino acid identity (AA id.) as a cutoff value. We got 
3,135 groups containing one or more proteins with known enzyme function (a total 
number of clusters >10,000). Next, we calculated a PSI-BLAST alignment score 
between each of the pairs of the 3,135 representative sequences. 565 (18%) of the 
proteins were classified to superfamilies that contains at least two enzymes whose 
EC numbers were different at the first EC level (upper left chart in the Figure 1). 
But on the other hand, 781 (25%) of the sequences had significant similarity to 
enzymes with the same EC number at all EC levels, and were not similar to any 
others (lower right chart in the Figure 1). All the results suggest that there is no 
general cutoff value of sequence similarity which could be used to assign function 
to the query. Probably each of the known enzymes should have its own cutoff for 
function assignments. Here we show that a similar situation is observed when the 
EC number is predicted using information about structure-function relations. 
PDB-UF: database of predicted enzymatic functions for unannotated protein structures 
78 
 
Figure 1. PSI-BLAST score of the most similar protein with the same enzyme function 
versus PSI-BLAST score of the most similar protein with different enzyme function at the 1st 
(upper left chart), 2nd (upper right chart), 3rd (lower left chart), and 4th EC level (lower right 
chart). Calculation was conducted for non-redundant set of 3,135 chain sequences (amino 
acid identity < 90%) of known structure and enzyme function. Each PSI-BLAST score was 
taken after the third iteration using 10,278 non-redundant sequence chains (including 3,135) 
from the Protein Data Bank to build a sequence profile. In each of the charts there are four 
clusters of points (A, B, C, and D) separated by the horizontal and vertical line. The A and C 
groups correspond to sequences that are not similar to any enzyme with a different EC 
number. Two other clusters (B and D) contain proteins from sequence superfamilies that 
have more than one function. Last two groups (E and F - not shown in the charts) include 
proteins of orphan function in this dataset. F group contains sequences which are 
significantly similar to other proteins, while E group corresponds to singleton sequences. 
5.3 Construction and content 
5.3.1 3D-Hit algorithm 
Two different strategies were applied to annotate the proteins with EC numbers: 
namely 3D-Hit and 3D-Fun. The first method simply scans using the 3D-Hit 
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program [12] a sequentially non-redundant database of structures that are 
characterized by four cutoff values. Each value is defined by the highest, known 
score of structural similarity to any protein with different enzyme function at the 
corresponding or lower EC level. In the 3D-Hit strategy, the EC number of the 
protein with the strongest structural similarity is completely (or partially) assigned 
to the query, if the similarity score is greater than all (or any) of the cutoff values. 
As an example; let us consider a query protein which has the 3D-Hit score =150 to 
the enzyme with the EC number 1.2.3.4 and the cutoff values =100, 120, 180, 200, 
respectively. This structure will obtain an EC number assignment of 1.2.?.?. 
5.3.2 3D-Fun algorithm 
All structural similarity scores are used for annotation in the 3D-Fun strategy. First, 
the query structure and all sequentially non-redundant proteins are hierarchically 
clustered (grouped) by structural similarity using complete-link algorithm [13, 14]. 
Next, the EC number is completely (or partially) assigned to each group in each 
clustering iteration, if all of the enzymes in the group have the same function at all 
(or any) of the EC levels; otherwise the EC number is assigned as unknown. As an 
example let us consider a cluster that contains 4 structures: the query protein and 3 
enzymes with EC numbers 1.2.3.4, 1.2.3.6, and 1.2.4.1. This cluster will obtain an 
EC number assignment of 1.2.?.?. For the final prediction, the enzymatic function 
of the smallest cluster which contains the query structure is used. In the contrary to 
the 3D-Hit strategy, the 3D-Fun algorithm takes into account the enzymatic 
function of all structures that have greater values of similarity to the query than to 
all other proteins of the whole set. 
5.3.3 Final assignments 
We used both presented algorithms to infer the EC number for the 499 proteins 
from structural genomics that are currently available and have unknown functions. 
In order to avoid over-annotation due to partial EC numbers we used Green and 
Karp recommendation [15]. If 3D-Hit and 3D-Fun methods were inconsistent in 
PDB-UF: database of predicted enzymatic functions for unannotated protein structures 
80 
predicting enzyme function at any EC level it was indicated with a ‘?’ symbol in its 
corresponding position (e.g. 2.3.4.?). If assignments were fully consistent, we 
indicated it with an ‘n’ in the fourth EC level (e.g. 2.3.4.n) which means that exact 
activity of this enzyme was predicted, but a sequence number has not been yet 
assigned by the Nomenclature Committee of the International Union of 
Biochemistry and Molecular Biology (NC-IUBMB). 
5.4 Utility and Discussion 
5.4.1 Structure-function relationship 
In the Figures 2-5, we presented a detail comparison of quality of the predicting the 
EC number based on the 3D-Fun Z-score and the FSSP Z-score [16]. The 
experiment was performed with 3,135 sequentially non-redundant structures of 
known enzyme function that were used in the sequence-function test. The Figures 
show that we would obtain better sensitivity (from 4% to 8%) with better specificity 
(from 2% to 5%) at all EC levels if we used the 3D-Fun Z-score instead of the FSSP 
Z-score as a cutoff value for assigning an EC number. This claim is also supported 
by four ROC curves presented in Figure 6, which portray EC number assignment 
accuracy of FSSP, 3D-Hit and 3D-Fun algorithms. The most important conclusion 
of the presented comparisons is the fact that there is not a single, good FSSP or 3D-
Fun Z-score cutoff which could be used for assignments of the enzyme functions 
without human intervention. Of course, we might have used the FSSP Z-score=50 
or the 3D-Fun Z-score=17 as cutoff and theoretically obtained a false positive rate 
only slightly greater than zero up to the third EC level. However, to our knowledge, 
there is no structure of unknown function, which comes from structural genomics, 
and has similarity to any protein of known structure >50 (FSSP Z-score) or >17 
(3D-Fun Z-score). Therefore, we suggest having different cutoffs for different 
protein folds when similar experiments are carried out. In our case, the cutoff values 
are defined by the most similar structure with different function. 
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Figure 2. FSSP (on the left) and 3D-Fun (on the right) Z-score of the most similar protein 
with the same enzyme function at the 1st EC level versus Z-score of the most similar protein 
with different enzyme function at the 1st EC level. Calculation was conducted for 3,135 
sequentially non-redundant structures of known function. Corresponding histograms are 
shown below the charts. If FSSP Z-score =13 and 3D-Fun Z-score =5 were used as a cutoff 
value we would obtain sensitivity of 79% and 83% with specificity at 74% and 79%, 
respectively. 
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Figure 3. FSSP (on the left) and 3D-Fun (on the right) Z-score of the most similar protein 
with the same enzyme function at the 1st and 2nd EC level versus Z-score of the most similar 
protein with different enzyme function at the 1st or 2nd EC level. Calculation was conducted 
for 3,135 sequentially non-redundant structures of known function. Corresponding 
histograms are shown below the charts. If FSSP Z-score =15 and 3D-Fun Z-score =7 were 
used as a cutoff value we would obtain sensitivity of 73% and 79% with specificity at 68% 
and 70%, respectively. 
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Figure 4. FSSP (on the left) and 3D-Fun (on the right) Z-score of the most similar protein 
with the same enzyme function at the 1st, 2nd and 3rd EC level versus Z-score of the most 
similar protein with different enzyme function at the 1st or 2nd or 3rd EC level. Calculation 
was conducted for 3,135 sequentially non-redundant structures of known function. 
Corresponding histograms are shown below the charts. If FSSP Z-score =17 and 3D-Fun Z-
score =8 were used as a cutoff value we would obtain sensitivity of 70% and 78% with 
specificity at 64% and 66%, respectively. 
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Figure 5. FSSP (on the left) and 3D-Fun (on the right) Z-score of the most similar protein 
with the same enzyme function at the all EC level versus Z-score of the most similar protein 
with different enzyme function at any EC level. Calculation was conducted for 3,135 
sequentially non-redundant structures of known function. Corresponding histograms are 
shown below the charts. If FSSP Z-score =23 and 3D-Fun Z-score =9 were used as a cutoff 
value we would obtain sensitivity of 55% and 60% with specificity at 53% and 55%, 
respectively. 
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Figure 6. ROC curves for the 1st EC level (upper left chart); 1st and 2nd EC level (upper right 
chart); 1st, 2nd and 3rd EC level (lower left chart) and for all EC levels (lower right chart). 
Calculation was conducted for 3,135 sequentially non-redundant structures of known 
function. A random ROC curve (magenta colored) is not a diagonal line (usually presented in 
ROC plots) because assignment of enzyme function is more complicated than a problem of 
bimodal classification. Clearly, the probability of assignment of an incorrect EC number is 
bigger (for the 1st EC level) or much bigger (for all EC levels) than the correct one.  
5.4.2 Meta-strategy 
In spite of the fact that the 3D-Hit and 3D-Fun algorithms used fold-specific cutoffs 
of similarity score, both of them gave conflicting predictions for some of the 499 
proteins selected from structural genomics. For example, the EC number was 
correctly assigned to 1RVK and 1K77 structures only by one program, 3D-Hit or 
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3D-Fun, respectively. Figure 7 shows distribution of consistent and inconsistent EC 
number assignments conducted by both methods. This figure justifies the usage of 
well-known Meta-strategy, which dramatically increased the specificity of sequence 
similarity search methods in the past [17]. In the set of the 499 structures, we could 
not find any example of wrong prediction at the first EC level with the 3D-Hit score 
>89 and the 3D-Fun Z-scores>3.1, which was made incorrectly by both programs in 
the same way. However one of our reviewers found one example, namely that 
1Y7I [18] is now known to be a methyl salicylate esterase (3.1.1.?) while 4.?.?.? 
(lyase) was predicted by both algorithms. 
 
Figure 7. Distribution of consistent (blue lines) and inconsistent (red lines) predictions of an 
enzyme function conducted using 3D-Hit (left charts) and 3D-Fun (right charts) algorithms. 
The assignments were performed at the 1st (upper charts), 2nd (middle charts), and 3rd EC 
level (lower charts) for 499 proteins of unknown function from the structural genomics 
centers. Marked cutoff values (3D-Hit =89 and 3D-Fun =3.1) corresponds to a 50:50 
probability of assigning a consistent EC number. 
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5.4.3 PDB-UF accuracy 
Structural genomics initiatives tend to target structures that are less typical of the 
PDB as a whole and so the cutoffs derived from the whole PDB may not be entirely 
applicable. Therefore, we analyzed 58 structures with predicted EC numbers, which 
were recently published and functionally annotated since this may give a truer 
indication of the accuracy. We found only one additional (except described above) 
incorrect prediction: 1VGY [19] had been characterized as a succinyl 
diaminopimelate desuccinylase (3.5.1.?) while metallocarboxypeptidases function 
(3.4.17.n) was assigned. All such predictions will be manually corrected. However, 
as more structures are solved in the Protein Data Bank, the PDB-UF method will be 
more and more accurate and human intervention will not be required. 
5.4.4 Example of PDB-UF record 
Four three-dimensional structures of hypothetical proteins from various species 
(A. Aureus, E. Coli, T. Maritime, and B. Subtilis), which came from different 
structural genomics consortia, were chosen to demonstrate the utility of the 
algorithm. The EC numbers of these bacterial proteins have not been assigned in 
PDBSprotEC and SCOPEC databases. Moreover, standard sequence comparison 
tools such as PSI-BLAST run against the NCBI non-redundant protein sequence 
database or RPS-BLAST applied using the Conserved Domain Database [20] failed 
to assign any function to them. A 3D-Hit structural search detected a strong 
similarity to a TrmD methyltransferase (MTase) family, represented by the 
1P9P [21] and 1UAJ [22] structures. The 3D-Fun program provided similar results 
by clustering the query model and all TrmD structures into one group with Z-score 
from 3.64 to 4.22 (depending on the chosen query). Moreover, 3D-Fun found 
additional similarity to 4 members of a SpoU MTase family. The TrmD and SpoU 
methyltransferases share a common evolutionary origin and form a single SPOUT 
(SpoU-TrmD) class [23]. A fold of the SPOUT class is distinct from the consensus 
MTase fold. All SPOUT proteins contain a deep trefoil knot structure in the 
catalytic domain and a non-canonical AdoMet/AdoHcy-binding site. A 
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superimposition of 2 TrmD MTases and 4 query structures are presented in 
Figure 8. 
  
Figure 8. The backbone superposition for 2 deep trefoil knotted TrmD methyltransferases 
(PDB codes: 1P9P, and 1UAJ) and 4 hypothetical proteins from A. Aureus, E. Coli, 
T. Maritime and B. Subtilis (PDB codes: 1VH0, 1NS5, 1O6D, and 1TO0, respectively). All 
of the chains are colored from blue (N-termini) to red (C-termini). The 
S-adenosyl-L-homocysteine (AdoHcy) co-factor in 1P9P entry is shown in gray. The highest 
sequence identity among the group of 4 proteins with unknown function is 54% and the 
highest identity to the two known methyltransferases is 15%. 
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5.5 Conclusion 
The PDB-UF database is a collection of assigned EC numbers to protein structures 
of unknown function, which come from the structural genomics centers. Structure-
based prediction of the EC number was conducted having different cutoff values for 
a different protein folds. In order to reduce the number of false positives the 
annotation was performed using the Meta-strategy. The web-based repository will 
be updated automatically when new protein structures are released. 
5.6 Availability 
The database is available at http://paradox.harvard.edu/PDB-UF  
and at http://bioinfo.pl/PDB-UF 
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6 Applications 
6.1 How unique is the rice transcriptome? 
Recently, a detailed description of the rice transcriptome has been provided. 
It has been suggested that 36% of the tested rice transcripts are not homologous to 
the Arabidopsis thaliana transcriptome, and that about 100 InterPro domains can be 
found in Oryza sativa japonica but not in A. thaliana. However, it still remained 
unclear whether these domains are really absent from the Arabidopsis genome. In 
many cases, even the most sophisticated bioinformatics methods can fail to detect 
evolutionary relationships between protein families that can be confirmed by 
functional and structural similarity. To validate these claims, we conducted an 
analysis of the reported results using a combination of profile-sequence searches 
that are described in details in this thesis. We found A. thaliana homologs for 33 out 
of the 100 rice transcripts annotated as containing rice-specific InterPro domains. 
For example, homologs of the major pollen allergen Lol pI, claimed to be rice-
specific, were found in several copies in the A. thaliana transcriptome 
(see Figure 1). While investigating the original results, we found that in many cases, 
one of the methods used (e.g., HMM-Pfam and BlastProDom) failed to match the 
corresponding genes from both genomes, a potential source of the problem. In our 
investigation, we concluded that using more sophisticated sequence similarity 
search tools, such as profile-profile comparison methods (see Chapter 3 for detailed 
description), would probably decrease the number of potentially rice specific 
InterPro domain assignments to below 50. 
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                    10        20        30        40        50        60        70        80        90 
            ....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....| 
1n10_A      WLDAKSTWYGKPTGAGPKDNGGACGYKDVDKPPFSGMTGCGNTPIFKSGRGCGSCFEIKCT-KPEACSGEPVVVHITDDNE--------- 
O.sativa    WTKARATWYGQPNGAGPDDNGGACGFKHTNQYPFMSMTSCGNQPLFKDGKGCGSCYKIRCT-KDQSCSGRSETVIITDMNY--------- 
A.thaliana  WERGHATFYGGADASGTM--GGACGYGNLHSQGYGLQTAALSTALFNSGQKCGACFELQCEDDPEWCIPGSIIVSATNFCPPNFALANDN 
 
                   100       110       120       130       140       150       160       170       180 
            ....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....|....| 
1n10_A      ---EPIAPYHFDLSGHAFGAMAKKGDEQKLRSAGELELQFRRVKCKYPEGTKVTFHVEKGSNPNYLALLVKYVNGDGDVVAVDIKEKGK- 
O.sativa    ---YPVAPFHFDLSGTAFGRLAKPGLNDKLRHSGIIDIEFTRVPCEFP-GLKIGFHVEEYSNPVYFAVLVEYEDGDGDVVQVDLMESKTA 
A.thaliana  GGWCNPPLKHFDLAEPAFLQIAQ-------YRAGIVPVAFRRVPCEKGGGIRFTI----NGNPYFDLVLITNVGGAGDIRAVSLKGSKT- 
 
                   190       200       210       220       230       240  
            ....|....|....|....|....|....|....|....|....|....|....|....|. 
1n10_A      -----DKWIELKESWGAIWRIDTPDKLTGPFTVRYTTEGGTKTEAEDVIPEGWKADTSYES 
O.sativa    HGPPTGRWTPMRESWGSIWRLDTNHRLQAPFSIRIRNESGKTLVANNVIPANWRPNTFYRS 
A.thaliana  -----DQWQSMSRNWGQNWQSNTY-LRGQSLSFQVTDSDGRTVVSYDVVPHDWQFGQTFEG 
Figure 1. Alignment of O. sativa japonica (GenBank accession number AK101357) and A. 
thaliana (GenBank accession number NP_196148.1) major pollen allergen Lol pI proteins 
with a Major Timothy Grass Pollen Allergen (1n10_A). The sequence similarity of these 
proteins was proved with the 3D-Jury system (scores > 100). 
 
6.2 Structure prediction, evolution and ligand interaction of 
CHASE domain 
Cytokinins are plant hormones involved in the essential processes of plant 
growth and development. They bind with receptors known as CRE1/WOL/AHK4, 
AHK2, and AHK3, which possess histidine kinase activity. Recently, the sensor 
domain, named cyclases/histidine kinases associated sensory extracellular (CHASE) 
domain, was identified in those proteins but little is known about its structure and 
interaction with ligands. Distant homology detection methods presented in this 
thesis enabled the prediction of the structure of the CHASE domain as similar to the 
photoactive yellow protein-like sensor domain. We identified the active site pocket 
and amino acids that are involved in receptor–ligand interactions (see Figure 2). We 
also showed that fold evolution of cytokinin receptors is very important for a full 
understanding of the signal transduction mechanism in plants. 
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Figure 2. Molecular model of the CHASE domain of the CRE1 receptor from A. thaliana 
docked with (a) trans-zeatin, (b) kinetin. The yellow and red colors indicate strands and 
helices, respectively. Ligand is colored in orange. The part of the chain whose residues are at 
contact distance with ligand is colored in blue. The visible side chain belongs to 
threonine 278 (Thr278) whose mutation is responsible for loss of function. 
6.3 Three dimensional model of severe acute respiratory 
syndrome coronavirus helicase ATPase catalytic domain 
and molecular design of severe acute respiratory syndrome 
coronavirus helicase inhibitors 
The modeling of the Severe Acute Respiratory Syndrome coronavirus 
(SARS-CoV) helicase ATPase catalytic domain was performed using the 
methodology described in the Chapter 2 of the thesis, which resulted in the 
identification of 1JPR, 1UAA and 1W36 PDB structures as suitable templates for 
creating a full atom 3D model. This model was further utilized to design small 
molecules that are expected to block an ATPase catalytic pocket thus inhibit the 
enzymatic activity. Binding sites for various functional groups were identified in a 
series of molecular dynamics calculation (see Figure 3). Their positions in the 
catalytic pocket were used as constraints in the Cambridge structural database 
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search for molecules having the pharmacophores that interacted most strongly with 
the enzyme in a desired position. The subsequent MD simulations followed by 
calculations of binding energies of the designed molecules were compared to ATP 
identifying the most successful candidates, for likely inhibitors-molecules 
possessing two phosphonic acid moieties at distal ends of the molecule.  
 
Figure 3. Attractors for various functional groups around the ATP molecule in the catalytic 
pocket of the SARS-CoV heliacase 3D model. ATP: lime, CH3COO-: green, keton: red, PO43-
: yellow, C(NH2)3+: blue, CH4: orange, CH3OH: mauve, C6H6: iceblue 
6.4 Influenza mutation from equine to canine 
Recently, it has been observed an unprecedented interspecies transfer of a 
complete equine influenza virus to the dog, and the emergence of a new canine 
specific influenza virus associated with acute respiratory disease. It has been 
noticed that a viral hemagglutinin (HA), a critical determinant of host species 
specificity of influenza virus, differs mainly in four residues (N83S, W222L, I328T, 
and N483T) between the equine and canine HA orthologs out of which only one 
(W222L) is exposed to the serum and most likely involved in receptor binding. Our 
subsequent analysis revealed an additional important mutation (N54K) located in 
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the antibody binding region of HA. A comparison of created 3D models of the 
equine and the canine HAs allowed us to understand the role of this substitution. 
We showed that the N54K mutation changes significantly the electrostatic potential 
on the protein surface (see Figure 4). Moreover, it is placed in the middle of a well 
known N-glycosylation motif (Asn-X-Ser) and increases the probability of the 
posttranslational modification of the preceding asparagine. The glycosylation of HA 
has been reported to enable the virus to mask its antigenic sites. We concluded that 
this mutation can help the virus escape the dog’s immune defense and should be 
considered part of the minimal repertoire of changes required for the host specificity 
transition in the observed case. 
 
Figure 4. The ribbon representation (A) and the protein surface colored by electrostatic 
potential (B, C) of 3D models of the canine (A, B) and the equine (C) influenza 
hemagglutinins. Five dog-specific mutations are marked (A) with visible amino acid side 
chains. Highlighted areas (B, C) show the highest differences in electrostatic potential caused 
by the N54K mutation located in the antibody binding region 
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7 Summary and conclusion 
In the introduction, a variety of different approaches to protein structure prediction 
is presented. They range from those based solely on physical principles to methods 
that rely on utilization of evolutionary information. The methods rooted in physics 
are still in their infancy and are not yet capable of large-scale generation of 
meaningful protein models. Nevertheless, ab-initio methods are the only methods 
that can produce models for representative sequence families that structures are still 
unsolved experimentally. These low-resolution models can be used to query the 
databases of known folds, in an analogical way as illustrated in Chapter 4, to detect 
distant functional homology through a sequence-to-structure-to-function paradigm. 
The chapter 2 describes in details a homology modeling procedure which is, so far, 
the most successful structure prediction technique. The main idea of the method 
bases on observation that protein molecules can accommodate a large number of 
mutations without major effects on their fold. Of course, sometimes even single 
mutation can have quite strong effects which destabilize a protein structure but 
evolution has explored exactly the unlikely exchanges of particular amino acids at 
particular positions that do not change structure. 
The chapter 3 presents development of the current state-of-the-art sequence analysis 
tool, named Meta-BASIC, which outperforms many individual fold recognition 
servers and can compete with meta-predictors. This new method not only enables 
detection of very distant relationships even if the tertiary structure for the reference 
protein is not known but also provides a high-throughput capability. The application 
of Meta-BASIC to PfamA protein families with unknown function shows many 
surprising structure–functional assignments. 
Chapter 4 illustrates the usage of homology modeling techniques to predict the 
structure and function of proteins encoded by the SARS coronavirus. One of the 
most interesting findings obtained during the SARS genome annotation process is 
an assignment of the methyltransferase fold to the nsp16 protein. The enzymatic 
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role of this enzyme was confirmed by the presence of the conserved tetrad of 
residues K-D-K-E essential for mRNA cap-1 formation. 
Chapter 5 presents the development and application of an algorithm for inferring 
enzyme function based on structural similarity. Obtained results showed that the 
structure-based prediction of the EC number should be conducted having the 
different similarity score cutoff for different protein folds. Moreover, performing 
the annotation combining results from various methods can reduce the rate of false 
positive assignments. We hope, that this research will help to decrease the number 
of protein structures that have functions marked as “unknown” in the PDB file. 
Chapter 6 illustrates several different applications of the methods described in this 
thesis. They range from whole genome annotation to applications of protein 
structure predictions. 
In conclusion we point that the best comparative models are still built by experts 
who are able to achieve near-perfect alignments of the sequences to proteins of 
known structure and improve models using an assortment of protein modeling tools. 
However, we believe that the pace of improvement of automated modeling is such 
that human experts will soon be beaten by computers in an analogical way to IBM 
Big Blue is beating of world chess champion Gary Kasparov. Thus in the 
foreseeable future, it is very probable that predicted structures approach the 
accuracy of experimentally determined structures.  
 
Samenvatting en conclusies 
103 
8 Samenvatting en conclusies 
In de introductie wordt een aantal methoden voor eiwit structuur voorspelling 
gepresenteerd. Deze methoden zijn gebaseerd op grondslagen die lopen van zuiver 
fysisch tot gebruik makend van evolutionaire informatie. De fysische methoden 
staan nog maar aan het begin van hun ontwikkeling en zijn zeker nog niet geschikt 
voor het grootschalig bouwen van eiwit modellen. Nochtans zijn deze methoden de 
enige waarmee structuren voorspeld kunnen worden van eiwitten waarvan nog niet 
een structuur van een homoloog familielid experimenteel opgehelderd is. Analoog 
aan wat in hoofdstuk 4 beschreven wordt, kunnen lage resolutie modellen gebruikt 
worden om databases met bekende eiwit structuur motieven te doorzoeken in de 
hoop dat de eiwit sequentie-structuur-functie relatie ons helpt bij het vinden van 
anderszins moeilijk detecteerbare homologieën.  
Hoofdstuk 2 beschrijft alle details van een homologie modeleer procedure die, tot 
op heden, de meest succesvolle structuurvoorspellings techniek is gebleken. De 
onderliggende gedachte is dat een eiwit veel mutaties kan hebben zonder dat dit 
veel invloed heeft op de manier waarop het eiwit zich opvouwt. Natuurlijk kan 
soms één enkele mutatie dramatische effecten hebben, maar de evolutie heeft zelfs 
de meest onwaarschijnlijke mutaties vast al wel een keertje geprobeerd. 
In hoofdstuk 3 wordt Meta-BASIC besproken. Dit is een sequentie analyse 
programma dat de opvouwingsmotieven van eiwitten beter kan voorspellen dan 
menig andere server, en zelfs beter dan een aantal zogenaamde meta-servers. Deze 
software stelt ons in staat om heel lastige homologie relaties te detecteren; zelfs als 
er geen structuur informatie beschikbaar is. Meta-BASIC is ook snel genoeg om 
grote aantallen sequenties snel te analyseren. De toepassing van Meta-BASIC op 
alle PfamA eiwit families heeft een groot aantal verrassende structuur-functie 
relaties aan het licht gebracht. 
Hoofdstuk 4 laat zien hoe we al deze nieuwe software gebruikt hebben om de 
functies te voorspellen van de eiwitten van het SARS coronavirus. Een van de 
meest interessante ontdekkingen in dit project was dat het SARS nsp16 eiwit 
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vermoedelijk een methyltransferase is. Deze voorspelling wordt versterkt door de 
aanwezigheid van het K-D-K-E tetrameer dat noodzakelijk is voor mRNA cap-1 
formatie. 
In hoofdstuk 5 wordt een techniek besproken waarmee de functie van een eiwit 
voorspeld kan worden aan de hand van structuur vergelijkingen. De resultaten laten 
zien dat er bij de voorspelling van EC-nummers een vouwingsmotief-afhankelijke 
ondergrens voor de scores gebruikt moet worden. Verder toont hoofdstuk 5 aan dat 
de combinatie van een aantal functie annotatie technieken het aantal ten onrechte 
bepaalde eiwit functies (de zogenaamde false-positives) verlaagt. We hopen dat dit 
project het aantal eiwitten waarvoor de functie beschrijving tot nu toe nog 
“onbekend” is duidelijk kan verlagen. 
Hoofdstuk 6 zet alle gebruikte technieken nog eens op een rijtje, en laat aan de hand 
van gepubliceerde experimenten zien hoe de technieken ingezet kunnen worden in 
projecten waar al dan niet genoom brede eiwit structuur en functie voorspellingen 
nodig zijn. 
 
Tot slot kan gezegd worden dat de beste eiwit homologie modellen nog steeds 
gebouwd worden door experts die in staat zijn om (bijna) perfecte sequentie 
vergelijkingen te maken, en die in staat zijn om een breed scala aan technieken in te 
zetten om de modellen steeds verder te verbeteren. We geloven echter dat de 
snelheid waarmee automatische voorspellingsmethoden verbeteren zodanig hoog is 
dat de humane experts binnenkort verslagen zullen worden door de computer; 
vergelijkbaar met de overwinning van Big Blue op schaak wereld kampioen Gary 
Kasparov. In de nabije toekomst zullen voorspelde structuren zelfs de 
nauwkeurigheid van experimenteel behaalde structuren gaan benaderen. 
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